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Principles of Simulation

JEBRY BANKS
Georgia institute of Technotogy

1.1 INTRODUCTION

The purpose of this handbook is to provide a reference to important topics that pertain
fo discretc-cvent simalation. All the contributors fo this velume, who are a mix from
academiy, industry, and software developers, are highly qualified. The book is intended
for those who want to apply simulation {6 bnportant problers. I you are new to sim-
ulation, reading this chapter will provide an overview to the remainder of the book.
If you studied simulation several years ago, reading this chapter will provide a uscful
review and update. {Much of this intreductory chapter 1s from Banks et al. {1995).]

Chapter 1 is sssenfially in three parts. The first part begins with a definition and
an example of simulation. Then modeling concepts introduced in the example are pre-
sented. Four modeling structures for simulation are then presented. The second part of
the chapter concerns suhjective topics. First, the advantages and disadvantages of sim-
ulation are discussed. Then some of the areas of application are mentioncd. Last, the
steps in the simulation process are described. The third part of the chapier has four sec-
tions. Bach of these sections introduces operational aspects of discrete-event simulation.
The chapter concludes with a summary,

1.2 DEFINITICN OF SIMULATION

Simulation is the imitation of the operation of a real-world process or system over time.
Simulation involves the generation of an artificial history of the system and the obser-
vation of that artificial history to draw inferences concerning the operating character-
istics of the real system that is represented. Simulation is an indispensable problem-
solving methodology for the solution of many real-world problems. Simulation is used
to describe and analyze the behavior of a system, ask what-if questions about the reat
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4 PRINCIPLES OF SIMULATION

system, and aid in the design of real systems. Both existing and conceptual systems can
be medeled with simalation.

Example I {Ad Hoc Simulation} Consider the operation of a one-teller bank where
customers atrive for service between 1 and 10 minutes apart in time, integer values only,
each value equally likely. The customers are served in hetween [ and 6 minutes, also
integer valued, and equally likely. Restricting the times to integer values is an abstraction
of reality since time is continuous, but this alds in presenting the example. The chjective
is to simulate the bank operation, by hand, until 20 customers are served, and to compute
measures of performance such as the percentage of idle time, the average wailing time
per customer, and so on. Admittedly, 20 customers are far toe few to draw conclusions
about the operation of the system for the long run, but by following this example, the
stage is set for further discussion in this chapter and subsceguent discussion about using
the computer for performing simulation.

To simulate the process, random interarrival and service times need to be generated.
Assume that the interarrival times are generated using a spinner that has possibilities
for the values | through 10. Further assume that the service tiimes are generated using
# dic that has possibilities for the values I through 6.

Table 1.1 is called an ud hoc simudation table. The setup of the simulation table is for

Table 1.1 Ad Hoc Simulation

(O ey () 4 {5} (6) {7 (8} &)

Time Time Time Time
Between  Arrival  Service  Service  Service in Idle il

Customer Arrivals Time Time Begins Ends Systern Time  Queus
1 — . 2 0 2 2 1] 4
2 5 5 2 5 7 2 3 4]
3 1 6 6 7 13 7 4] 1
4 11} 16 5 1a 21 ) 3 0
5 6 22 & 2 28 f I 1]
i 2 24 4 28 32 ] 0 4
7 g KX] 3 33 346 3 1 {}
8 ] 34 4 36 40 6 0 2
9 i 44 i 44 45 I 4 4]
10 3 47 3 47 50 3 2 ]
11 b 52 ] 52 53 1 a2 0
12 2 54 2 54 36 2 I {
I3 3 37 3 57 &0 3 1 {
14 5 62 6 62 683 1] 2 I}
15 4 66 2 68 0 4 1] 2
6 3 a9 f H) 76 7 6] 1
17 7 76 4 76 £0 4 Q 0
iR 8 84 3 84 €9 3 4 0]
19 7 g1 3 gt o4 3 2 Q
i 7 £2) 1 oK 8% 1 4 1§
79 30 i




1.2 DEFINITION OF SIMULATION 5

the purpose of this problem but does not pertain to all problems. Column (1}, Customer,
lists the 20 customers who arrive at the system. It is assumed that customer | arrives
at time zero; thus 4 dash is indicated in row 1 of column {2), Time Between Arrivals.
Rows 2 through 20 of column (2} were gencrated using the spinner. Column (3), Amival
Time, shows the simulated arrival times. Since customer 1 is assumed to amve at time
0 and there is a S-minute inferarrival fime, customer 2 arrives at time 3, There is a
1-rninute interarrival time for customer 3; thus the arrival occurs at time 6. This process
of adding the interarrival time to the previous arrival time is called bootstrapping. By
continuing this process, the arrival times of all 20 customers are defermined. Column
{4), Service Time, contains the simulated service times for all 20 customers. These were
generated by rolling the die.

Now simulation of the service process begins. At time U, customer 1 arrived and
inimediately hegan service. The service time was 2 minutes, so the service period ended
at time 2. The total time in the system for customer I was 2 minutes. The bank teller
was not idle since simulation began with the amival of & customer. The customer did
nol have 1o wait for the teller.

Af time 5, customer 2 arrived and began service immediately, as shown in cofumn
(6). The service time was 2 minutes, 5o the service perivd ended af time 7, as shown
in column {6). The bank teller was idle from thme 2 until time 5, so 3 minutes of idle
time occurred. Customer 2 spent no time in the queue.

Customer 3 arrived at time 6, but service could not begin unti] time 7, as customer 2
was being served until time 7. The service time was 6 minutes, so service was completed
at time 13. Customer 3 was in the system from time 6 until time 13, or for 7 minutes,
as indicated in column (7), Time in System. Although there was no idle time, customer
3 had to wait in the quene for 1 minute for service to begin.

This process continues for all 20 customers, and the totals shown in columns (7},
(&) (Idle Time), and (9) (Time in Quene) are entered. Some performance measures can
now be caleulated as follows:

Average time in system = 79/20 . 3.83 minutes.

Percent idle time = {30/99)100) -- 30%.

Average wailing time per custorner — 10,20 = 0.3 minute.
Fraction having to watl - 5/20 = 0.25.

Average waiting time of those who waited = 10/3 = 3.33 minutes.

This very limited simulation indicates that the system is functioning well. Only 25%
of the customers had to wait. Abont 30% of the time the teller is idle. Whether a slower
teller should replace the current teller depends on the cost of having to wait versus any
savings from having a slower server.

This small sinmlation can be accomplished by hand, but there is a limit to the com-
plexity of problems that can be solved in this manner. Also, the number of customers
that must be simulated could be much larger than 20 and the rumber of times that the
simulation must be run for statistical purposes could be large. Hence, using the computcr
to solve real simulation problems is almost always appropriate.

Example 1 raises some issues that are addressed in this chapter and explored more
fully in the baiance of the hook. The issues include the following:
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t. How is the form of the input data determined?

How are random variates generated if they follow statistical disiributions other
than the discrete uniform?

. How does the user know that the simulation imitates reality?

Ll

. What other kinds of problems can be solved by simulation?

o e

. How long does the simulation need to run?

How many different simulation ruas should be conducted?

S

. What statistical techniques should be used to analyze the output?

Each of these questions raises a host of issues about which many textbooks and thou-
sands of technical papers have been written, Although an introductory chapter cannot treat
all of these guestions in the greatest detail, enouph can be said to give the reader some
insight that will be useful in understanding the framework of the remainder of the book.

1.3 MODELING CONCEPTS

There are several concepts underlying simuliation. These include system and model, sys-
fem state variables, entities and attributes, list processing, activities and delays, and the
definition of discrete-event stmulation. Additional information on these topics is available
from Banks et al. {1996) and Law and Kelton (1991). The discussionin this section follows
that of Carson (1993). Chapter 2 provides an cxtensive discussion of the topic.

1.3.1 System, Model, and Events

A model is a representation of an actual system. Immediately, there Is a concern about
the limits or boundaries of the model that supposedly represent the system. The model
should be complex enough to answer the guestions raised, but not too complex. Con-
sider an evenf as an occurrence that changes the state of the system. In Example 1,
events include the arrival of a customer for service at a baok and the completion of a
service. There are hoth internal and external events, also calied endogenous events and
exngenous evenis, respectively. For example, an endogenous event in Example | is the
beginning of service of the customer since that is within the system heing simulated.
An exogenous event is the arrival of a customer for service gince that oceurrence is
outside the simulatjon, However, the arrival of a customer for service impinges on the
system and must he taken into consideration.

In this bock we consider discrete-event simuldation models, {Chapter 2 describes con-
tinuous and combined discreie-continuous models.) These are contrasted with other
types of models, such as mathemnatical models, descriptive models, statistical models,
and input-output models. A discrete-event model attempts to represent the componcnts
of a system and their interactions to such an extent that the objectives of the study
arc met. Most mathematical, statistical, and input-ouiput models represent a system’s
inputs and outputs explichtly but represent the internals of the model with mathematical
or statistical relationships. An example is the mathematical model {rom physics,

force = mass X aceeleration
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based on theory. Discrete-event simulation models include a detatled representation of
the actual internals,

Discrete-event models are dynamiic; that is, the passuge of time plays a crucial role.
Most mathematical and statistical models are static, in that they represent a system
at g fixed puint in time. Consider the annual budget of a firm. The budget resides in a
spreadsheet. Chunges can be made in the budget and the spreadsheet can be recalculated,
but the passage of time is usually not a critical tssue. Further comments will be made
about discrete-event models after several additional concepts are presented.

1.3.2 System State Variables

The system state variables are the collection of all information needed to define what
is happening within a system tc a sufficient level {i.e., fo attain the desired output) at
g given point in time, The determination of system stafe variables is a function of the
purposes of the investigation, so what may be the svstem state variables in one case
may not be the same in another case, even though the physical svstem is the same.
Determining the systemn state variubles is as much an art as & science. However, during
the modeling process, any omissions will readily come to light. (On the other hand,
unnecessary siate variables may be eliminated.)

Having defined system state variables, a contrast can be made between discrete-event
maodels and continuous maodels based on the variables needed to track the system slate.
The system state variables in a discrete-event model remain constant over intervals of
time and change value only at cerfain well-defined points called event times. Continuous
modely have system state varfables defined by differential or difference equations, giving
rise to variables that may change continuously over time,

Some models are mixed discrete-event and continuous. There are also continuous
models that are treated as discrete-event models after some reinterpretation of system
statc variables, and vice versa. The modeling of continuous systems is not treated in
this book,

1.3.3 Entities and Aliributes

An entity represents an object that requires explicit definition. An entity can be dynamic
in that it “moves” through the system, or it can be static in that it serves other entities.
in Example 1 the customer is a dynamic entity, whereas the hank teller is a static entity.

An entity may have a#fributes that pertain to that entity alone. Thus attributes should
be considered as Jocal values. In Example 1, an attribute of the entity could be the time
of arrival. Attributes of interest in one investigation may not be of interest in another
investigation. Thus, if red parts and blue parts are being manufactured, the color conld
be an attribute. However, if the time in the system for all parts is of concern, the attribute
of color may not be of importance. From this example it can be seen that many entitics
can have the same attribute or attributes {i.e., more than one part may have the attribute

“red™.

1.3.4 Resources

A resource is an entity that provides service to dynamic entities. The resource can serve
one or more than one dynamic entity at the same time {i.c., operate as a parallel server).
A dynamic entity can request one or more units of a resource. If denied, the requesting
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entity joins a gueue or fakes some other action (i.e., is diverted to another resource, is
cjected from the system). (Other terms for queues are files, chainy, buffers, and waiting
fines.) H permitted to capture the resource, the cntity remains for a time, then releases
the resource. There are many possibie states of g resource. Minimally, these states are
idle and busy. But other possibilities exist, including failed, blocked, or starved.

1.3.5 List Processing

Entities arc managed by allocating them to resources that provide service; by attaching
them to event notices, thereby suspending their activity into the foture; or by placing
them into an ordered lst, Lists are used to represent gueues.

Lists are often processed according to FIFO (first in, first out), but there are many
other possibilities. For example, the list could be processed by LIFO (last in, first out),
according to the value of an attribute, or randomly, to mention a few. Ap example where
the value of an attribute may be important is in SPT (shortest process time) scheduling.
In this case the processing time may be stored as an attribute of each entity. The entities
are ordered according to the value of that attribute, with the lowest value at the head
or front of the gueue,

1.3.6 Activities and Delays

An aetivity is a period of time whose duration is known prior fo commencement of the
activity. Thus, when the duration begias, its end can be scheduled. The duration can be
a constant, a random value from a statistical distribution, the result of an equation, input
from a file, or computed hased on the event state, For example, a service Uime may be
a constant 10 minutes for each entity; it may be a random value from an exponential
distribution with a mean of [0 minutes; it could be 0.9 times a constant value from
clock time {) to clock time 4 bours, and 1.1 times the standard value after clock time 4
hoirs; or it could he 1 minutes when the preceding gueue contains al most four entities
and 8 minuies when there arc five or more in the preceding queuc.

A delay is an indefinite duration that is caused by some combination of sysiem con-
ditions. When an entity joins a gueue for a resource, the time that it will remain in the
qucue may be unknown initially since that time may depend on other cvents that may
oceur. An cxample of another event would be the arrival of a2 rush order that preempts the
resource. When the precmpt oceurs, the entity using the resonrce relinguishes its control
stantancously. Another example is a failure necessitating repair of the resource.

Discrete-event simulations contain activities that cause time to advance. Most
discrete-gvent simulations also contain delays as entities wait. The beginning and ending
of an activity or delay are events.

1.3.7 Discrete-Event Simulation Modet

Sufficient modeling concepts have been defined so that a discretc-event simulation
maodel can be defined as one in which the state variables change only at those dis-
crete points in time at which evenls occur. Bvents occur as a consequence of activity
times and delays. Entities may compete for system resources, possibly joining queues
while walting for an available resource. Activity and delay times may “hold” entities
for durations of time,

A discrete-event simulation model is conducied over time {“run™ hy a mechanism
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thut moves simulated time forward. The system state {s updated at each eveni, along
with capturing and freeing of resources that may occur at that time.

1.4 MODELING STRUCTURES

There are four modeling structures taken by the simulation community. They are known
a8 the process-interaction method, event-scheduling method, activity scanning, and the
three-phase method. The descriptions are rather concise; readers requiring greater espla-
nation are referred to Balet {1988} or Pidd {1992}, The first two of these modeling
structure topics are discussed in Chapter 2, We describe all four of them briefly here.

1.4.1 Process-Interaction Method

The simulation structure that has the greatest intuitive appeal is the process-interaction
method. The notion is that the computer program sheuld emulate the flow of an object
through the system. The entity moves as far as possible in the system until it is delayed,
enters an activity, or exits from the system. When the entity’s movement is halted, the
clock advances to the time of the next movement of any entity,

This flow, or movement, describes in sequence all the states that the object can attain
in the system. For example, in a moded of a self-service laundry a customer may enter the
system, wait for a washing machine to become available, wash his or her clothes in the
washing machine, wail for a basket to become available to unload the washing machine,
iransport the clothes in the basket to a drier, wait for a drier to become available, unload
the clothes into a drier, dry the clothes, and leave the laundry.

1.4.2 Eveni-Scheduling Method

The basic concept of the event-scheduting method is to advance time to when something
next happens. This nsually releases a resource (i.e., a scarce entity such as a machine
or transporter). The cvent then reallocates available objects or entities by scheduling
activities where they can now participate. For example, in the self-service laundry, if
# customer’s washing is finished avd there is a basket available, the basket could be
allocated immediately to the customer and unioading of the washing machine could
begin. Time is advanced to the next scheduled event (usually the end of an activity)
and activities are cxamined to sce if any can now start as a consequence.

1.4.3 Activity Scanning

The third simulation modeling structure is activity scanning. It is also knowa as the two-
phase approach. Activity scanning is similar to rule-based programming. (If a specified
condition is met, a rule is fired, meaning that an action is taken,} Activity scanning pro-
duces a simulation program composed of independent modules waiting to be executed.
Scanning takes place at fixed time increments at which a determination is made con-
cerning whether or not an event occurs at that time. If an cvent ogcurs, the system state

iz updated,
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1.4.4 Three-Phase Method

The fourth simulation modeling structure is known as the three-phase method. Time is
advanced until there is a state change in the system or until something next happens. The
system is examined to determine all of the events that take place at this time {i.e., all the
activity completions that occur). Only when all resources that arc due to be released at
this time have been released is reallocation of these resources into new activities started in
the third phase of the simulation. In summary, the first phase is time advance. The second
phasc is the refease of those resources scheduted to end their activities at this time. The
third phase is to start activities given the globat picture about resvurce availability.

Possible modeling inaccuracies may occur with the last two methods, as discrete time
stices must be specified, With computing power growing so rapidly, high-precision simu-
Fation will be utilized increasingly, and the error due to discretizing time may become an
important consideration,

1.5 ADVANTAGES AND DISADVANTAGES OF SIMULATION*

Competition in the computer industry has led to technological breakthroughs that are
allowing hardware companies to produce better products continually. It seems that every
week another company announces its latest release, each with more options, memory,
graphics capability, and power.

What is unigue aboul new developments in the computer industry is that they often
et as a springboard for related industries to follow. One industry in particular is the
simulalion-software industry, As computer hardware becomes more powerful, more
accurate, faster, and easier to use, simulation software does, too.

The number of businesses using simulation is increasing rapidiy. Many managers are
realizing ihe benefits of utilizing simulation for more than just the one-time remodeling
of a facility. Rather, duc to advances in software, managers are incorparating simulation
in their daily opcrations en an increasingly regular basis.

For most companies, the benefits of using simulation go bevond simply providing a
look into the future. These benefits are mentioned by many authors (Banks et al., 1996;
Law and Kciton, 1991; Pegden et al., 1995; Schriber, 1991) and are included in the
following.

1.5.1 Advantages

1. Chnose correctly. Simulation lets you test cvery aspect of a proposed change or
additton without committing resources to their acquisition. This is crifical, because once
the hard decisions have been made, the bricks have been laid, or the material handling
systems have been installed, changes and corrections can be extremely cxpensive. Sim-
ulation allows you to test yvour designs without committing resources fo acquisition.

2. Compress and expoand time. By compressing or expanding lime, simuiation
allows you to speed up or slow down phenomena so that you can investigate them
thoroughly. You can examine an cntire shift in a matter of minutes if you desire, or you
can spend 2 hours examining all the events that occuered during T minute of simulated
activity,

"Reprinted with the permission of the Institute of Industial Engineers, 25 Technotogy Park, Norcross, GA
30092, 770-449-0161. Copyright ©1958,
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3. Understand why. Managers often want to know why certain phenomens vccur
in a real systern. With simulation, you determine the amswer 10 the “why™ questions
by reconstructing the scene and {aking a microscopic examination of the system to
determine why the phenomenon occurs. You cannot sccomplish this with a real sys-
tem because you cannot see or control it in its entirety.

4. Explore possibilities. One of the greatest advantages of using simulation softwarc
is that once vou have developed a valid simulation medel, vou can explore new policies,
operating procedures, or methods without the expense and disruption of experimenting
with the real system. Modifications are incorporated in the model, and you observe the
effects of those changes on the computer rather than on the real system.

5. Diagnose problems. The modern fuctory floor or service orgamization is very
complex, so complex that it {s impossible to consider all the interactions taking place in
4 given moment. Simulation allows you fo better understand the interactions among the
variabics that make up such complex systems. Diagnosing problems and gaining insight
into the importance of these varlables increases your understanding of their important
effects on the performance of the overall system.

The last three claims can be made for virtually all modeling activitics, queueing,
linear programming. and so on. However, with simulation the models can become very
complex and thus have a higher fidelity [ie., they are valid representattons of reality
(as discussed in Chapter 10)].

6. Identify constraints. Production bottlenecks give manufacturers headuches. It is
casy to forget that bottlenecks are an effect rather than a cause, However, by using
simuiation to perform bottleneck analysis. you can discover the canse of the delays in
work in process, information, materials, or other processes.

7. Pevelop understanding, Many people operate with the philosephy that talking
toudly, using computerized layouts, and writing complex reports convinges others that
a manufacturing or service systern design is valid, In many cases these designs are
based on someone’s thoughts about the way the system operates rather than on analysis.
Simulation studics atd in providing understanding about how a svstem really operates
rather than indicating someone's predictions about how a system will operate.

8. Visualize the plan. Taking vour designs beyvond CAD drwings by using the ani-
mation features offered by many simulation packages allows you to see vour facility
or organization actually running, Depending on the software used, you may be able to
view your operations from various angles and levels of magnification, even in three
dimensions. This allows you to detect design (faws that appear credible when scen just
on paper on in a two-dimensional CAD drawing,

9. Build conzensus. Using simulation 1o present design changes creates an obiective
opinion. You avoid having inferences made when you approve or disapprove of designs
because vou simply select the designs and modifications that provided the most desirable
resutts, whether it he increased production or reducing the waiting time for service.
In addition, it is much easier to accept reliable simutation resuls, which have been
muodeled, tested, validated, and visually represented, instead of one person’s opinion of
the results that will oceur from a proposed design.

10. Prepare for change. We all know that the future will bring change. Answering
all of the what-if questions is useful for both designing ncw systems and redesigning
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existing systems. Interacting with all those involved in a project during the problem-for-
mulation stage gives you an idea of the scenarios that arc of interest. Then you constroct
the model so that it answers questions pertaining to those scenarios. What if an AGV
is removed from service for an extended period of time? What if demand for service
increases by 10%7 What if ... ? The options are unlimited.

11. Invest wiselv. The typical cost of a simulation study is substuntially less than
1% of the total amount being expended for the implementation of a design or redesign.
Since the cost of a change or modification to a system after installation is so greaf,
simulation is a wise investment.

12, Train the team. Simulation models can provide excellent training when designed
for that purpose. Used in this manncr, the team provides decision inputs 1o the simulation
model as it progresses. The team, and individual members of the team, cun learn by their
mistakes and learn i operate better. This {s much less expensive and less distuptive than
on-the-job learning.

13. Specify requirements. Simulation can be used to specify requirements for a sys-
tem design. For example, the specifications for a particular type of machine in a complex
system to achieve a desired goat may be unknown, By simulating diffcrent capabilities
for the machine, the requirements can be established.

1.5.2 Disadvantages

The disadvantages of simulation include the following:

1, Madel building requires special training. 1t 1s un art that is learned over time and
through cxperience. Furthermore, if two medels of the same system are constructed by
two competent individuals, they may have similarities, but it is highly unlikely that they
will be the same.

2. Stmulution resuits may be difficult to inferpret. Since most simulation outputs are
essentially random variables (they are usually based on random inputs), it may be hard to
determine whether an observation is a resull of system interrclationships or randomness.

3. Simulation modeling and aralysis can be 1ime consuming and expensive. Skimp-
ing on rcsources for modeling and analysis may result in a simulation model and/or
analysis that is not sufficient to the task.

4. Simulation may be used inappropriarely. Simulation is used in some cases when
an analytical solution is possible, or cven preferable. This is particularly true in the
simulation of some waiting lines where closcd-form queueing models are available, at
least for long-run evaluation.

In defense of simulation, these four disadvantages, respectively, can be offset as fol-
lows:

1. Simulators. Vendors of simulation software have been aciively developing pack-
ages that contain models that only need input data for their operation, Such models have
the generic tag “simulators™ or templaics.

2. Output analysis. Most simulation-software vendors have developed output-
analysis capabilities within their packages or, as add on features for performing very
extensive analysis. This reduces the computational requirements on the part of the user,
although hey still must understand the analysis procedure.
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3. Faster and fuster. Simulation can be performed faster today than yesterday, and
cven faster tomorrow. This is attributgble to the advances in hardware that permit rapid
running of scenarios, It is also aitributable to the advances in many simulation pack-
ages. For example. many simulation software products contain constructs for modeling
material handling using transporters such as conveyors and automated goided vehicles.

4. Limitations of closed-form models. Closed-form models are not able to analyze
most of the complex systems that arc encountered In practice, In nearly 8 years of
consulting practice, not vne problem has been encountered that could huve been solved
by a closed-form solution.

1.6 AREAS OF APPLICATION

The applications of stmulation are vast. Recent presentations at the Winter Simulation
Conference (WSC) can be divided into manulacturing, public systems, and service sys-
tems. WSC is an excellent way to learn more sbout the latest in simulation applications
and theory, There are also numercus tuterials at both the beginning and advanced levels,
WSC is sponsored by eight technical socicties and the National Institute of Standards
and Technology (NIST). The technical socigties are the American Statistical Association
{ASA), Association for Computing Machinery/Special Interest Group on Simulation
{ACM/SIGSIM), Institute of Electrical and Electronics Engineers: Computer Society
{IEEE/CS), Tustitute of Electrical and Electronics Engineers; Systems, Man and Cyber-
netics Society (IEEE/SMCS), Institute of Industrial Engineers (HE), Institute for Opera-
tions Research and the Management Sciences, College on Simulation (INFORMS /CS},
and Soctety for Computer Simulation {(S8CS}. The societics can provide information
about upcoming WSCr, usually held Monday through Wednesday in early Decembor.
Applications in the remainder of this section were presented at recent WSCs. {Chapter
25, in particular, contains references 1o recent Winter Simulation Conference Proceed-
ings.} The major application areas of discrete-event simulation are discussed in Chapters
14 through 21,

1.8.1 Manufacturing and Material Handling Applications

Presentations incleded the following, among many others:

s Minimizing synchronization delays of prefabricaled paris before assembly
« Evaluation of AGV routing stratcgies

= Fiexible modeling and analysis of large-scale AS/RS-AGV systems

« Design and analysis of large-seale material handling systems

« Material flow analysis of automotive assembly plants

» Analysis of the effects of work-in-process levels on customer satisfaction

« Assessing the cost of quality

1.6.2 Public Systems Applications

Prescntations included the following, among many others:
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Health Systems

» Screening for abdominal aortic gneurysms

= Lymphocite development in immune-compromized patients

» Asthma dynamics and medical amelioration

« Timing of liver transplants

« Diubetic retinoputhy

= Evaluation of nurse-staffing and patient-population scenarios

= Evaluation of automated equipment for a clinical processing laboratory
« Evaluation of hospital surgical suite and critical care area

Military Systems

« Alr Force support equipment use

» Anglysis of material handling equipment for prepositioning ships

« Development and implementation of measures of effectiveness

» Reengincering traditional stovepiped Army staffs for information operations
« Evaluation of theater aitdit system productivity

« Evaluation of C-141 depol mainfenance

= Evaluation of alr mobility command channel cargo system

Natural Resources

= Nonpoint-source pollution analysis
« Weed scouting and weed control decision making
= Evaluation of surface water quality data

Public Services

« Emergency ambutance system analysis
» Evaluation of flow of civil lawsuirs
= Evaluation of field offices within a governament agency

1.6.3 Service System Applications

Presenlations included the following, among many othets;
Transportation

« Analysis of intelligent vehicle highway systems

» Evaluation of traffic control procedures at highway work zones

+ Evaluation of taxi management and route control

« Animation of a toll plaza

« Port traffic planning model analysis

= BEvaluation of rapid transit modeling with automatic and manual controls
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Computer Systems Performance

= User transaclion processing behavior analysis
» Evaluation of database transaction management profocols
» Evaluation of analytic medels of memory gueueing

Air Transportation

» Evaluation of human behavior in aircraft evacualions
« Analysis of airport/airline operations
» Evaluation of combination carrier air cargo hub

Communications Sysfems

» Tranked radio network analvsis

« Yvuluation of telephone service provisioning process

« Pigture archiving and communications system analysis

» Bvatuation of mwodeling of broadband telecommunication networks
« Analysis of virtual reality for telecommunication networks

1.7 STEPS IN A SIMULATION STUDY

Figure 1.1 shows a set of steps to guide a moded builder in a thorough and sound simu-
lation study, Similar fipnres and their interpretation can be found in other sources, such
as Pegden ct al. (1993) and Law and Kelton (1991). This presentation is built on that
of Banks et al, {1996).

1. Probiem formulgtion. Every simulation study begins with a statement of the prob-
lem. If the statement is provided by those that have the problem (client), the simulation
analyst must take extreme carc to cnsure that the problem is clearly understoed. If a
problem statement is prepared hy the simulation analyst, it 1s important that the client
understand and agree with the formuiation. It is suggested that a set of assumptions be
prepared by the simulation analyst and agreed to by the client. Even with all of these
precautions, it is possible that the problem will need to be reformulated as the simulation
study progresses. This step is discussed further in Chapters 22 and 23,

2. Setting af objectives and overall project pian. Another way to state this step Is
“prepare a proposal.” This step should be accomplished regardless of location of the
analyst and client (i.e., as an external or internal consultant}. The objectives indicate
the questions that are to be answered by the simulation study. The project plan shouid
include a statement of the varions scenarios that will be investipated. The plans for the
study should be indicated in terms of time that will be required, personnel that will
be used, hardware and software requirements if the client wants to run the model and
conduct the analysis, stages in the investigation, output at cach stage, cost of the study
and billing procedures, if any. This step is discussed further in Chapters 22 and 23,

3. Model conceptualizarion. The real-world system under investigation 18 abstracted
by a conceptual model, a series of mathematical and logical relationships concerning
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Figure 1.1 Steps in a simnlation study. {From Discrete-Event System Simulation, 2nd cd., by
Banks/Carson/Nelson, @& 1996, Reprinted by permission of Prentice Hall, Upper Saddle River,
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the components and the structure of the system. It is recommended that modeling begin
simply and that the model grow until a model of appropriate comglexity has been devel-
oped. For example, consider the model of a manufacturing and material handling sys-
tem, The basic model with the arrivals, gucues, and servers is constructed. Then add
the failures and shift schedules. Next, add the material-handling capabilities. Finally,
add the special featurcs. It is not necessary to construct an unduly complex model. This
will add o the cost of the study and the time for ifs completion without increasing the
quality of the output. The client should be involved thronghout the model construction
process. This will enhance the quality of the resulting model and increase the client’s
confidence in its use. This step is discussed further discussed in Chapters 2, 22, and 23.

4, Data collectipn. Shortly after the proposal is “accepted,” a scheduie of data
reyuirements should be submitted to the client. In the best of circumstances, the client
has been collecting the kind of duta needed in the format required and can submit
these dafa to the simualation analyst in electronic format. Often, the client indicates that
the required data are indecd available. However, when the data are delivered they are
found to be quite different than anticipated. For example, in the simulation of an airline-
reservation system, the simulation analyst was told “we have every bit of data that you
want over the last five years,” When the study began the data delivered were the average
“talk time” of the reservationist for each of the years. Individual values were necded,
not summary measures, Model building and data collection are shown as contempora-
neous in Figure 1.1. This is fo indicate that the simulation analyst can readily construct
the model while the datu collection is progressing. This step is discussed further in
Chapter 3,

3. Madel ranslation. The concepiual model constructed in siep 3 s coded into a
compuier-recognizable form, an operational model. This step is discussed further in
Chapters 11, 12, 13, and 24,

6. Verifie:1? Verification concerns the operational model. Is it performing properly?
Even with small textbook-sized models, it is quite possible that they have verification
difficulties. These models are orders of magnitude smaller than real models (say, 50
lines of computer code versus 2000 lines of computer code). Tt is highly advisable that
verification take place as a continuing process. Tt is i1l advised for the simulation ana-
lyst to wait until the entire model is complete to begin the verification process. Also,
use of an interactive run controller, or debugger, is highly cncouraged as an aid to the
verification process. Verificalion is extremely important and is discussed further in this
chapter. Additionally, this step is discussed extensively in Chapter 10.

7. Validated? Validation is the determination that the conceptual mode! is an accu-
rate representation of the real system. Can the madel be substituted for the real system
for the purposes of experimentation? If there is an existing system, call it the base sys-
tem, an idecal way to validate the model is to compare its output to that of the base
svstem. Unfortunately, there is not alwayvs a base systemn (such as in the design of a
new system}. There are many methods for performing validation, and some of these
are discussed further in this chapter. Additiorally, this step fs discussed extensively in
Chapter 10.

8. Experimental dexign. For each scenario that is to be simulated, decisions need 1o
be made concerning the length of the simulation run, the number of runs {also called
replications), and the manner of initialization, as required. This step is discussed further
in Chapter 6.
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9. Production runs and analysis. Production runs, and their subsequent analysis, are
used to estimate measures of performance for the scenarios that arc being simulated.
This step is discussed extensively in Chapters 7 to 9.

10. More runs? Based on the analysis of runs that have been completed, the stmu-
lation analyst determines if additional runs are needed and if any additional scenarios
need o be simulsted. This step is discusscd extensively in Chapters 7 to 9.

11, Documentation and reporting. Documentation is necessary for numerous rea-
sons. If the simualation mode! 1s going tu be used again by the same or different anatyss,
it may be necessary (o understand how the simulation modet operates. This will stim-
ulate confidence in the simulation model so that the client can make decisions based
on the analysis. Also, it the model is to be modified, this can be greatly facilitated by
adequate documentation, One experience with an inadequately documented mode! is
usually enough to convinee a simulation analyst of the necessity of this important step.
The result of all the analysis should be reported clearly and concisely. This will enable
the client to review the final! formulation, the alternatives that were addressed, the cri-
terion by which the alternative systems were compared, the results of the experiments,
and analyst recommendations, if any. This step is discussed further in Chapters 22 and
23,

i2. Impiementation. The simulation analyst acts as a reporter rather than an advo-
cate. The report prepared in step 11 stamxds on its merits and is just additional information
that the client nses to make a decision. If the client has been involved throughout the
study period, and the simulation analyst has followed all the steps rigorously, the like-
lihood of a successful implementation is increased. See Chapters 22 and 23 for more
about implementalion.

1.8 RANDOM NUMBER AND RANDOM VARIATE GENERATION

Example 1 used inpul values that were generated by a spinner and a die. Almost all sim-
ulation models are constructed within a computer, 50 spinners and dice are not devices
that will be used. Instead, the computer will generate independent random numbers that
are distribuied eontinuously and uniformly between 0 and [ {i.e., {0, 1)]. These ran-
dom numbcrs can then be converted fo the desired sfatistical distribution, or random
variate, using one of several methods. Random variates arc used to represent interar-
rival times, batch sizes, processing times, repair times, and time until faiture, among
others. Many researchers have writlen on the two topics in this section. These topics
are discussed further in Chapters 4 and 5.

Simulation software products have a built-in random number generator (RNG} that
produces a sequence of random numbers, Most of these generators are based on the
linear congruential method (LOM), documented by Knuth {1969} A RNG is defined
by its parameters, and some of them have been tested extensively. Chapter 4 introduces
the topic of RNG.

The numbers generated by a RNG are actually psendorandom. They are deterministic
since they can be reproduced. Knowing the starting value, the values that follow it can
be predicted, totally detcrmining 1he sequence. There is no reason for concemn sinece the
length of the sequence prior to repeating itsclf 1s very, very long, On a 32-hit computer,
this sequence can be longer than 2 billion. As reported in Chapter 4, even-longer-period
RNGs are available,
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The importance of a good source of random numbers {s that alf procedures lor gener-
ating nenuniformly distributed random variates invelve a mathematical transformation
of uniform randem numbers. For example, suppose that £; iy the /th random number
generated from L'(0, 1). Suppuse further that the desired random varlate is exponentially
distributed with rate A, These values can be generaied from

X, % In(l - R) )

where X; is the ith random variate generated {e.g., the time between the arrival of the
ith and the (i + 1)st entities]. Suppose that A = li{ arrival per minute. Using cquation (1)
[called the random variate gencrator (RVGY], if By = §.3067, then X; . 3.06 minufes.
The RVG was developed using what is called the inverse-transform technigoe, Other
technigues include convolution, acceptance—rejection, and composition. Techniques for
RVG are discussed in Chapter 5.

Most simulation suftware products have built-in RVGs for the most widely used dis-
uributions and several that are not su widely wtilized. The simulation software usually
provides a facility for generating a sample from an empirical distribution (a distribution
of the raw input data} that is either discrete or confinusus. It is imporfant that the sim-
ulation analyst know how to use RVGs, but it s not usually important 1o be concerned
with their generation.

1.8 INPUT DATA

Tor cach clement in a system being modeled, the simulation analvst must decide on a
way to represent the associated random variables. The presentation of the subject that
follows is based on Banks et al. (1998). This topic is discussed in much more detail in

Chapler 3.
The technigues used may vary depending on:

1. The amount of available data
2. Whether the data are “hard” or someone’s best guess

3. Whether each variahle is independent of other input random variables, or related
in some way to other outputs

In the case of a variable that is independent of other variables, the cholces are as
follows:

1. Assume that the variable is deterministic.
2. Fit a probability distribution to the data.
3. Use the cmpirical distribution of the data,

These three choices arc discussed in the next three subscetions.
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1.8.1 Assuming Randomness Away

Some simulation analysts may be tempted to assume thal a variable is deterministic, or
constant. This value could have been obtained by averaging historic information. The
value may even be a guess. 1f there is randomness in the medel, this technique can
surely invalidate the resulis.

Suppose that a machine manufactures parts in exactly 1.5 minutes. The machineg
requires a tool change according to an exponential distribution with a mean of 12 min-
utes between occurrences. The fool change time is aisc exponentially distributed with a
miean of 3 minutes. An inappropriate simplification would be to assume that the machine
operates in a constant time of 1.875 minutes, and ignore the randomness. The conse-
guences of these two interpretations are very great on such measures as the average
number in the system or time waiting before the machine.

1.9.2 Fitting a Distribution to Data

If there are suificient data points, say 50 or more, it may be appropriate to fit a proba-
bility distribution to the data using conventional methods. [Advanced methods for dis-
tribution fitting, such as that described by Wagner and Wilson (1993), arc available to
the interested reader.] When there are few data, the tests for goodness of fit offer little
guidance in selecting one distribution form over another.

There are also underlying processes that give rise to distributions in a rather pre-
dictable manner. For example, it arrivals (13 occur one at a time, {2) are completely
at random without rush of slack periods, and (3} are completely independent of one
another, a Poisson process cccurs, In such a case it can be shown that the number of
arrivals in a given time period follows a Poisson distribution and the time beiween
arrivals follows an exponential distribution,

Several vendors provide software to accomplish input data analysis. However, if a
goodness-of-fit test is being conducted without the aid of input data analysis sofiware,
the following three-step procedure is recommended:

1. Hypothesize a candidae distribution. First, ascertain whether the underlying pro-
cess 1s discrete or continnous. Discrete data arise from counting processes. Examples
inciude the number of customers that arrive af a hank cach hour, the number of ol
changes in an &-hour day, and so on Continuous data arise from measurement (fime,
distance, weight, etc.). Examples include the time to produce each part and the time
1o failurc of a machine, Discrete distributions frequently used in simulation include
the Poisson, binomial, and geometric. Continuous distributions frequently used in sim-
ulation inciude the uniform, exponential, normal, triangular, lognormal, gamma, and
Weibull. These distributions are described in virtually every enginecring statistics text.

2. Estimate the parameters of the hypothesized distribution. For example, if the
hypothesis is that (he underlying data are normal, the parameters to be estimated from
the data are the mean and the variance.

3. Perform a goodness-of-fit test such as the chi-sguared test. If the test rejecis the
hypothesis, that is a strong indication that the hypothesis is not true, In that case, remrn
to slep 1, or use the empirical distribution of the data fallowing the process described
below.

The three-step procedure is described in engincering staustics texts and in many sim-
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ulation texds, such as Banks et al. {19986) and Law and Kelton (1991}, Even if software
is being used to aid in the development of an underlying distribution, understanding the
three-step procedure is recommended.

1.9.3 Empirical Distribution of the Data

When all possibilitics have been exhausted for fitting a distribution using conventional
techniques, the empirical distribution can be used. The empirical distribution uses the
data as generated.

An example will help to clarify the discussion. The times to repair a conveyor system
after a failure, denoted by x, for the previous 100 occurrences are given as follows:

Interval (hours)  Frequency of Ocourrence

G<x<1.0 27
[D=<x=20 [3
20 <x <30 3t
30<x<ad 18
40 «x <8 11

Nudistribufion vould be fit acceptably to the data using conventional techniques. It was
decided to use the dafa as generated for the sisnulation. That s, samples were drawn, at
random, from the continuous distribution showa above. This requeired linear interpolation
5o that simulated values might be in the form 2.89 hours, 1.63 hours, and so on.

1.8.4 When No Data Are Avallable

Therc are many cases where no data arc available. This is particularly true in the early
stages of a study, when the data are missing, when the data are too expensive to gather,
or when the systern heing modeled is not in existence. One possihility in such a case
is lo obtain a subjective estimate, some call it a guesstimate, concerning the system.
Thus if the estimate that the time to repair a machine is between 3 and B minutes, a
crude assumplion is that the data follow a uniform distribution with 2 minimum value
of 3 minotes and a maximum value of 8 minutes. The uniform distribution is referred to
as the distribution of maximum ignorance since it assumes that every value is equally
likely. A better “guess” oceurs if the “most likely” value can also be estimated. ‘This
would take the form “the time to repair the machinc is between 3 and 8 minutes with
a most likelv time of 5 minutes.” Now, a triangular distribution can he nsed with a
minimum of 3 minutes, a maximum of 8 minutes, and a most likely value (mode) of 5
mines,

As indicated previously, there are naturally occurring processes that give rise 10 dis-
tributions. For example, if the time to faflure follows the (reasonable) assumptions of the
Poisson process indicated previonsly, and the machine operator says that the machine
fails about once every 2 hours of operation, an exponential distribution for time to fail-
ure could be assumed mitally with a mean of 2 hours.

Estimates made on the basis of guesses and assumptions are strictly tentative, If, and
when, data, or more data, become available, both the parameters and the distributionat
forms should be updated.
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1.10 VERIFICATION AND VALIDATION

In the application of simulation, the real-world system under investigation is abstracted
by a conceptual model. The conceptual model is then coded info the operational model.
Hopefully, the operational model is an accurate representation of the real-world system.
However, more than hope is required to ensure that the representation Is accurate. There
is a checking process that consists of two components:

1. Verification: adetermination of whether the computer implementation of the con-
ceptual mudel is correct. Does the operational model represent the conceptual
model

2. Vulidation: a delermination of whether the conceptual medel can be subsiituted
for the real system for the purposes of experimentation.

The checking process is iterative. If there are discrepancics among the operational
#nd conceptual models and the real-world system, the relevant operational model must
be exumined for errors, or the conceptual model must be modified to represent the real-
world system better (with subscquent changes in the operational model). The verification
and validation process should then be repeated. These two lmportant topics are discussed
extensively in Chapter 10.

1.10.1 Verification

The verification process involves examination of the simulation program to ensure that
the cperational model accurately reflects the conceptual model. There are many com-
monsense ways to perform verification.

1. Follow the principles of structured programming. The first principle is rop-down
design (i.e., construct a detailed plan of the simulation model before coding). The second
principle is program modularity (i.e., break the simulation model into submodels). Write
the simulation model in a fogical, well-ordered manner. 1t is highly advisable {we would
suy mandatory if we could mandate such) to prepare a detailed flowchart indicating the
macre activities that are to he accomplished. This is particularly true for real-world-sized
problems. Tt is quite possible to think through all the computer code needed to solve
problems at chapter ends of an academic text on discrete-event simulation. However,
that computer code is minuscitle compared to that of real-world problems.

2. Make the operational model as self-documenting as possible. This requires com-
ments on virtually every line and sometimes between lines of code for those seftware
products that allow programming. Imagine that ene of your colleagues is trying to under-
stand the computer code that you have written, but that you are not available to offer
any explanation. For graphical software, on-screen documentation is suggested. [n some
cases, the text associated with documentation can be hidden from view when 1t is inap-
propriate o show it

3. Have the computer code checked by more thon one person. Scveral technigues
have been used for this purpose. One of these can be called code inspection. There are
four partics as follows: the moderator or lcader of the inspection team, the designer
or person who prepared the conceptual model, the coder or person who prepared the
operational model, and the 1ester or the person given the verification responsibility, An
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inspection meeting is held where a narration of the design is provided and the upera-
lional model is discussed, line by line, along with the documentation. Errors detected are
documented and classified. Therc is then 4 rewark phase, followed by another inspec-
tion. Alternatives to code inspection include the review, except that the interest is not
line by line but in design deficiencies. Another alternative is the aedit that verifies that
the development of the computer code is proceeding logically. Tt verifies that the stated
requirements are being met.

4. Check to see that the values of the input data are being used appropriately. For
example, if the time unit is minutes, all of the data should be in terms of minutes, not
hours or seconds.

5. For a variety of input-data values, ensure that the vutputy wre reasonabte. Many
simulation analysts are satisfied when they receive outpul. But that is far from enough. If
there are 100 entities in @ wailing line when 0 would be ruther high, there is probably
something wrong. For example, the resource actually has a capacity of two, but was
modeled with a capacity of one.

6. Use an nteractive run controfler (IRC) or debugger 1o check that the program
operates a8 intended. The IRC s a very Important verification too! that should be used
for alt real-system models. An example of one of the capabilities of the IRC is the trace
that permits following the execution of the model step by step.

7. Animation is a very useful verification tool. Using animation, the siimulation ana-
lyst cant detect actions thut are illogical. For example, it may be observed thar a resource
is supposed to [ail as indicated by tuming red on the screen. While watching the ani-
mation, the resource never turned red, This could signal a logical errar.

1.10.2 Validation

A variety of subjective and objective techniques can be used to validate the conceptual
madel. Sargent {1992} offers many supgestions for validation, Subjective technignes
include the lfollowing:

\. Face Validation. A conceptual model of a real-world systemn must appear reason-
able “on its face” to those who are knowledgeable (the “experis”™) about the real-world
system. For example, the experts can validate that the model assumptions are correct.
Such z critique by experts would aid in identifying deficiencies or errors in the con-
ceptual model. The credibility of the conceptual model would be enhanced as these
deficienicies ot errors are eliminated.

2. Sensitivity Anafysis. As modcl input iz changed, the output should change in a
predictable direction. For example, if the arrival rate increases, the time in queues should
increase, subject to some cxceptions. (An example of an exeeption is as follows: If 4
queve increases, it may he the case that resources arc added within the maodel, negating
the prediction.)

3. Extreme-Condition Tests. Does the modcl behave properly when input data are
at the extremes? If he arrival rate is set cxtremely high, does the output reflect this
change with increased munmbers in the queucs, increased time in the system, and so on?

4. Validation of Conceprual Meodel Asyumptions. There are two types of conceptual
model assumptions, They are stroctural assumptions (concerning the operation of the
real-world system) and data assumptions. Structural assumptions can be validated by
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observing the real-world system and by discussing the system with the appropriate per-
sonnel. No cne person knows everything about the entire system. Many people need to
be consulted to validate conceptual model assumptions.

Information from intermediaries should be questioned. A simulation consulting firm
often works through other consulting firms. An extremely large medel of a distant port
operaiion was constructed. It was only after a visit by the simulation consulting firm
to the port that it was discovered that one of the major mode! assumptions concemning
how piles of iron ore are formed was in error

Assumptions about data should also be validated. Suppose it is assumed that times
between artivals of customers to & bank doring peak periods are independent and in
accordance with an exponential distribution. To validate conceptual model assumptions,
the following would be in order:

{a) Consult with appropriate personnel to determine when peak periods occur

(b} Collect interarrival data from these periods.

{cy Conduct statisticel tests to ensure that the assumption of independence is reason-
able.

{d} Estimate the parameter of the assumied cxponential distribution.

{e) Conduct a goodness-of-fit test to ensure that the exponential distribution is rea-
senable.

5. Consistency Checks. Continue to examine the operational model over time. An
example cxplains this validation procedura. A simulation model is used annually. Before
using this model, make sure that there are no changes in the real system that mnst bhe
reflected in the structural model. Similarly, the data should be validated. For example,
a faster machine may have heen installed in the interim period, but it was not included
in the information provided.

6. Turing Tests. Persons knowledgeable about systern behavior can be used {o com-
parc model output to system output. For example, suppose that five reporis of aclual
system performance over five different days are prepared and five simulated outputs are
gencrated. These 10 reports should be in the same format. The 10 reports are randomly
shutflcd and given to a person, say an engincer, who hag seen this type of information.
The engincer is asked to distinguish between the two kinds of reports, actual and sim-
ulated. If the cngineer identifies a substantial number of simulated reports, the model
is inadequate. If the engincer cannot distinguish between the two, there s less reason
to doubt the adequacy of the model.

Ohijective techniques include the following:

7. Validating Inpur—Ouiput Transformarions. The basic principle of this techrigue
is the comparison of output from the operational model to data from the real system.
Tnput—output validation reguires that the real system currenily exist. One method of
comparison uses the familiar t-test, discussed in most statistics texts,

8. Validation Using Historieal Input Darag. Tnstead of running the operational model
with artificial input data, we could drive the operational model with the actual historicat
record. 1t is reasonable to expeet the simulation to yield output results within accept-
able statistical error of those observed from the real-world system. The paired i-test,
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discussed in most statistics texts, is one method for conducting this type of valida-
tion.

1.11 EXPERIMENTATION AND OUTPUT ANALYSIS

The analysis of simulation output begins with the selection of performance measures.
Performance meusures can be time weighted, based on counting of occurrences, or drise
from the tabulation of eapressions including means, variances, and so on.

An example of a time-weighted statistic is the average number in system over 4 time
period of length 7. Figure 1.2 shows the number in system, L{t), at time ¢, from £ = 0
to ¢ = 60. The time-weighted average number in the system, £, ai ¥ = 60 is given by
the sum of the areas of the rectangles divided by 7. Thus

g O+ UX19+EX15)+(AX10)+ 0X3)+ X6+ X4

60

107

An esample of a statistic based on counting of occurrences is the number of accept-
able units completed in 24 hours of simulated time. A statistic based on the tabulation of
expressions is the patent royalties from three different part types, each with a differcnt

contribution per unit, for a 24-hour period.

The simulation of a stochastic system results in performance measutes that contain
random variation. Proper analysis of the output is required to obtain sound statistical
resuiis from these replications. Specific questions that must be addressed when conduct-
ing output analysis arc:

. What is the appropriate run length of the simulation (unless the sysiem dictates
a value)?

2. How do we interpret the simulated results?

3. How do we analvze the differences between different model configurations?

L 1
2 oy
1
0 »
0 10 20 30 40 50 60 t

Figure 1.2 Number in system, L{¢), at time 1.
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Thesc topics are introduced in the next section. They are discussed cxtensively in
Chapters 6 to 8.

1.11.1 Statistical Confidence and Run Length

A confidence interval tor the performance measure being estimated by the simulation
model is a basic component of onfput analysis. A confidence interval is a nemericai
range that has a probability of 1--« of including the true value of the perfonmance mea-
sure, where | —« is the confidence level for the interval. For example, lot us suy that the
performance measure of interest is the mean time in the gueue, . and a 100{] - Y%
confidence interval for g is desired. If many replications are perforined and indepen-
dent confidence intervals on p are constructed from those replications, approximately
H{1  e)% of those intervals will contain w. Consider the following example.

Example 2 (Confidence Intervals) Given the data in Table 1.2, both a 95% (e =
0.05) und 2 99% (a - 0.01) two-sided confidence interval are desired. Assuming that
the values for X are nurmally distributed, 4 1 - « confidence interval for the mean, g,
is given by (X — h, X + k), where X s the sample mean and /& is the halt-width.
The equation for X is given by
o
— X,
X- Z . 2

Pl

The half-width 4 of the confidence interval is computed as follows:

5
h=1, i1 1 — 3}
where t,. 1,1_42 Is the upper 1 - «f2 critical value of the ¢-distribuiion with £ — 1

degrees of freedom, and § is the sample standard deviation. To compute §, first use
eguation {4} to compute 52 as follows:

B — (4}

Tahle 1.2 Data far Example 2

Replication Number, { Averape Time in Queve, X;
1 63.2
2 69.7
3 67.3
4 64.8
5 72.0
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‘Taking the square root of §7% yiclds §.
Since & two-sided confidence interval is desired, we use «/2 to vompute the half-
width. Using cquations (2} and {4}, we obtain X — 7.4 and ¥ - 3,57, 1o addition,

ta, 975 = 278 {95% confidence)
ts gus = 4.60  (99% confidence)

resulting in

j e 4.44  {U5% confidence}
1734 (99% confidence)
The confidence interval is given by (X - £, X+k). Therefore, the $5% confidence interval
is {62.96, 71.84}, and the 99% confidence interval is (60.06, 74.74},

As demonstrated in Example 2, the size of the interval depends on the confidence
level desired, the sample sive, and the inherent variation {measured by 8). The higher
level of confidence {99%) requirgs a larger interval than the lower confidence level
{95%). In addition, the number of replications, n, and their standard deviation, S, are
used in calculating the confidence interval. In simulation, each replication is considered
one data point. Thercfore, the three factors that influence the width of the confidence
interval are:

1. Number of repiications (s}
2. Level of confidence (1 — &)
3. Variation of performance measure {S}

The relationship between these factors and the confidence interval is:

1. As the number of replications increases, the width of the confidence interval
decreases.

2. As the level] of confidence mercascs, the width of the interval increases. In other
words, a 9% confidence interval is larger than the corresponding 953% confidence
nterval. :

3. As the variation increascs, the width of the interval increases.

1.11.2 Termfinating Versus Nonterminating Systems

The procedure for output analysis differs based on whether the system is terminating
or nonterminating. In a terminating system, the duration of the simulation is fixed as
a natural consequence of the model and its assumptions. The duration can be fixed
by specifying a finite length of time (o sivalate or by limiting the number of entities
created or disposed. An example of a terminating system is a hank that opens at 9: 00
AM. and closes at 4:00 p.M. Some other examples of terminating systems include a
check-processing facility that operates from 8100 P.M. until all checks are processed,
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a ticket booth that remains open until all the tickets are sold or the event begins, and
a manufacturing facility that processes a fixed number of jobs each day and then shuts
down.

By definition, a terminating system is one that has a fixed starting condition and an
event definition that marks the end of the simulation. The system returns to the fixed
initial condition, wsually "empty and idle,” before the system begins uperation again.
The ohjective of the simulation of terminating systems is to understand system behavior
for a “typical” fixed duration. Since the initial starting conditions and the length of the
simulation are fixed. the unly controllable factor is the number of replications.

One analysis procedure for terminating systems is to simulate @ number of replica-
tions, compute the sample variance of the selected estimator measure, and defermine i
the width of the resulting confidence interval is within acceptable limits. For example,
if the average number of parts in the queue is of interest, the first step is to conduct a
pilot run of r replications. Next, compute the confidence interval for the expected aver-
age number of purts in the yueue using the observations recorded from each replication.
Ther if the confidence interval is tou large, determing the number of additional repli-
cations required to bring it within limits. Finally, conduct the approximate additioral
replications and recompute the new confldence interval using all the data. Iterate the
last two steps until the confidence interval is of satisfactory size.

In a nonterminating system, the duration is not finite; the system is in perpetual
operation. An example of a nonterminating system is an assembly line that operates 24
hours & day, 7 days a week. Another example of this type of system is the manufacture
of glass fiber insulation for attics. If operation of the system is stopped, the molten glass
will sohdify in the furnace, reguiring that it be chipped away tediously before restarting
the systemn. The objective in simulating a nonterminating system is to undersiand the
long-run, or steddy-siate, behavior. To study steady-state bchavior accurately, the effects
of the initial conditions, or transient phase, must he removed from the simulation results.
This can be accomplished by swamping, preloading, or deletion.

The first mcthod, swamping, suppresses the initial-condition effecis by conducting
a very long simulation run, so long that any initial conditions have only a minuscule
cffect on the Jong-nin value of the performance measure. For cxample, if the initial
conditions last for 100 hours, simulate for 10,000 hours. A problem with the swamping
technique is that the bias from starting empty and idle will always exist, even if it ig
small.

The second method, preloading, primes the system before simulation starts by plac-
ing entities in delay blocks and quenes. In other words, an attempt is made to have the
initial conditions match the steady-state conditions. This requires some rough knowl-
edge of how the system looks in steady state. Thus, if we are simulating a bank thart has
one line forming before three teflers, we need to observe the bapk in operation to obtain
infermation about the usual situation. For example, we may find that the three tcllers
are usually busy and that there are about four people in line. This is how the simulation
would begin when using the preloading icchnigue. The bank is a very simple system
to ohserve. However, for more complex systems, this initialization procedure becomes
somewhat difficult, especially if the system is still in the design phase.

The third method, deletion, cxcludes the initial transient phase that is influenced
by the initial conditions. Data are collected from the simulation enly after the transient
{warm-up} phase has ended. This idea is demonstrated in Figure 1.3. The difficulty with
the defetion method is the determination of the length of the transicnt phase. Although
clegant statistical technigues have been developed, & satisfactory method is to plot the
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Transient phase (warm-up) Steady-state phase

Performance

Time —>

Fig. 1.3 Deletion of initial observations for @ nontermunating system.

output of interest over time and visually observe when steady state is reached. Welch
{1983) provides a formal description of this method.

1.12 SUMMARY

The chapter began with a definition of simulation, including an example. Underlying
concepts were presented, including the system and model, system state variables, entities
and attributes, list processing, activities and delays, and the definition of discrete-event
simmtation. Next, four modeling structures were discussed, including process interac-
tion, event scheduling, activity scanning, and the three-phase method. The advantages
and disadvaniages of simulation were presented, with amelioration of the disadvantages.
Next, areas of application from presentations at the Winter Simulation Conference were
shown. The steps in a simulation study were given with a brief discussion of each. The
manner in which random numbers and random variates are generated was presented
next. Three ways that might be used for generating input data were described. However,
the first methed, assuming randomness away, is discouraged. The extremely important
concepts of verification and validation were then discussed. The all-important topic of
experimentation and output analysis was introduced. The topics introdoced in this chap-
ter are discussed much more cxtensively in the remaining chapters.
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